Background: Technological improvements have shifted the focus from data generation to data analysis. The availability of large amounts of data from transcriptomics, protemics and metabolomics experiments raise new questions concerning suitable integrative analysis methods. We compare three integrative analysis techniques (co-inertia analysis, generalized singular value decomposition and integrative biclustering) by applying them to gene and protein abundance data from the six life cycle stages of Plasmodium falciparum. Co-inertia analysis is an analysis method used to visualize and explore gene and protein data. The generalized singular value decomposition has shown its potential in the analysis of two transcriptome data sets. Integrative Biclustering applies biclustering to gene and protein data.
Background
Continuous technological improvements facilitate the availability of large amounts of omics data, resulting from the simultaneous characterization on different levels (genome, transcriptome, proteome and metabolome) of an organism or an experimental condition. Regulatory mechanisms captured in this way provide a complex multi-level view of the system under study. In order to exploit the measured data to the maximum, one has to integrate all available data sets into a single analysis framework. Methods that apply analysis techniques simultaneously to more than one data set are called integrative analysis methods. The data sets can characterize one organism on different levels [1] , or they can be measured on the same omics level but on different organisms/platforms [2, 3] . Here we focus on the first scenario.
Integrative analysis methods provide a deeper understanding of the system under study through the meaningful combination of multi-level omics data. The integrated omics data differ from study to study. There are studies that integrate, for example, gene expression and methylation data [4] , somatic mutations, copy number and gene expression data [5] , chromatin maps and gene expression profiles [6] , genotypic variation at DNA level and gene expression data [7] , CHIP-seq and RNA-seq data [8] , transcriptomics and proteomics data [1, 9, 10] . In this study we apply integrative analysis to transcriptomics and proteomics data.
With transcriptomic and proteomic data, most analysis techniques are based on the direct correlation between transcripts and proteins. Cox and colleagues [10] present different approaches based on correlation and clustering. Other correlation-based studies have also been performed in [9, [11] [12] [13] [14] [15] [16] . Statistical methods based on correlations are presented in [17, 18] . The premise of a direct correlation between transcripts and proteins is not valid in eucaryotic organisms, due to post-transcriptional and post-translational regulation [1, 19] . Other approaches are based on network analysis [20, 21] and statistical methods such as analysis of variation, clustering and gene set enrichment [22] [23] [24] . Piruzian et al. [25] revealed similarities in regulation at transcriptomic and proteomic levels and identified potential key transcription factors and new signaling pathways for psoriasis using a network based approach, which employed overconnection analysis, hidden node analysis and rank aggregation. Perco et al. [26] integrated transcriptomics and proteomics on the level of protein interaction networks. They started with the modest overlap between the data sets, which increased substantially on the level of protein interaction networks and in this way, amplified the joint functional interpretation of the omics data sets. In a study by Hahne and colleagues [22] analysis of variation, k-means clustering and functional annotation were applied to transcriptome and proteome data from salt-stressed B. subtilis cells. They showed a well-coordinated induction of gene expression and changes of the protein levels as the result of a severe salt shock. Verhoef et al. characterized the changes associated with r-hydroxybenzoate production in the engineered P. putida strain S12, integrating genes and proteins as well as cluster and pathway analysis [23] . In [24] , Takemasa et al. applied gene ontology analysis (GO) to transcriptome and proteome data from human colorectal cancer samples, which led to a better understanding of functional inference at the physiological level and to potential drug targets. Other integrative approaches can be found in [27] [28] [29] for omics data in general and in [19] for transcriptome and proteome data in particular.
In this article, we focus on the comparison of three integrative analysis techniques of mRNA and protein abundance data. We selected methods meeting the following criteria: (i) they are based on a clear mathematical formulation, (ii) they are as different as possible from one another and, the most important argument, (iii) they allow the analysis of all measured data (not limited to pairs of genes and proteins). Based on these criteria we have chosen: Co-inertia analysis (CIA), which is an integrative analysis method used to visualize and explore gene and protein data [1, 30] , Generalized singular value decomposition (GSVD), which has shown its potential in the analysis of two transcriptome data sets [3] and Integrative biclustering (IBC), which applies biclustering to gene and protein data [31] .
We compare CIA, GSVD and IBC by applying them to mRNA and protein abundance data from a study of Plasmodium falciparum, [9] , the parasite causing malaria in humans. The data in this study was gathered from samples for the six life cycle stages: merozoite, ring, trophozoite, schizont, gametocyte and sporozoite. For the comparison, we add additional information in the form of GO [32] terms for biological processes.
Using CIA, we visualize the six life cycle stages and GO terms in a 2D plane and interpret the spatial configuration. With GSVD, we decompose the data sets into matrices with biologically meaningful interpretations and explore the processes captured by the data sets. IBC identifies groups of genes, proteins, GO terms and life cycle stages revealing functional modules of P. falciparum.
We compare the results of the three integrative analysis methods based on the association of GO terms to the six life cycle stages and show common as well as methodspecific results. The common results are presented in form of a three-fold validated network view of the biological processes activated in each life cycle stage. To the best of our knowledge such a complete, GO terms based, characterization of P. falciparum was not published before.
Methods

Data set
We analyse a publicly available data set containing mRNA and protein abundance data from the six life cycle stages of P. falciparum [9, 33] . Microarray [33] and proteomic analyses [9] were carried out on P. falciparum clone 3D7. Gene expression levels were measured with a custom oligonucleotide array and computed with the match-only integral algorithm (MOID). Proteins were detected by multidimensional protein identification technology (MudPIT), and protein abundance was estimated by the number of MS/MS spectra identified per protein.
In total, 4294 genes and 2903 proteins were measured in all six life cycle stages. For the analysis, we created a matrix for each data set where the genes and proteins are represented as rows and the life cycle stages as columns.
Additionally, GO [32] information on biological processes in P. falciparum were employed. We used the R [34] packages org.Pf.plasmo.db [35] and GO.db [36] , which provide P. falciparum specific mappings of genes to GO terms as well as additional information on GO terms. Based on these two annotation databases, 3283 of 4294 genes and 2491 of 2903 proteins were associated with 614 GO terms. For each data set, a GO matrix with the same number of rows as the corresponding expression data set was created. The columns of the GO matrix hold data describing the gene/protein affiliation to a certain GO term. If a gene/protein is associated with that GO term, the strength of the affiliation is computed as the ratio between 1 and the total number of genes/proteins associated with the GO term. CIA and IBC use directly the computed GO matrix. GSVD performs a GSE analysis based on org.Pf.plasmo.db and GO. db. In this way, we make sure that all three methods are applied to the same data sets. Additional file 1 contains the GO terms with their GO names used in this study.
Our study comprises the analysis of four data sets: mRNA abundance data, protein abundance data, a GO matrix of mRNAs and a GO matrix of proteins. mRNA and protein abundances were computed with different algorithms, requiring a columnar z-score normalization of each data set. The GO matrices were computed based on the number of genes/proteins belonging to a particular GO term, which resulted in equal ranges of the entries in the matrices. Afterwards, they were joined and z-transformed. Columns (GO terms) that included only entries equal to zero (none of the associated genes or proteins was measured in the data set) were deleted before the normalization. After deletion, 614 GO terms were available for further analysis.
CIA
CIA was introduced by Dolèdec and Chessel [30] as an extension of Tucker's inter-battery method [37] for the study of species-environment relationships of ecology data. CIA was applied to genome and agr groups data of S. aureus [38] and to physico-chemical properties of amino-acids and the amino-acid composition of E.coli proteins [39] . Culhane et al. [40] applied this method to two gene expression data sets, and Fagan et al. [1] used it as an integrative analysis method for gene and protein data.
CIA is a multivariate analysis method that identifies relationships between two data sets by maximizing the covariance between them. CIA starts by performing a multivariate analysis like principal component analysis (PCA) [41] , non-symmetrical correspondence analysis (NSC) [42] or correspondence analysis (CA) [43] on each individual data set. The produced results are a set of principal axes that maximize the projected variability (inertia) of each data set independently. Each set of axes spans a new multidimensional gene and protein space. Based on the computed axes, CIA identifies one axis in each new multidimensional space on which the projected data sets present maximal covariance and simultaneously maximal standard deviations. Thereby, CIA maximizes the covariance between the two data sets. Global correlation or co-structure between the data sets is measured by the RV coefficient [44] . For mathematical details on CIA, please refer to [30] . CIA computation steps are summarized in a concise flowchart in Figure 1 . CIA is available in the R packages made4 [45] and ade4 [46] .
CIA has two major advantages: It can be applied to data sets with considerable more variables (genes and proteins) than samples (life cycle stages), and the variables in the two data sets do not have to match one another.
Additional information such as GO annotations can be superimposed on the CIA plots. This overlay was already done for CA [47] , and is also possible for CIA [1] . GO term projections are obtained by first normalizing the two GO matrices in the same way as the expression data sets and then multiplying them by the weights of the genes/proteins resulting from the NSC, followed by CIA analyses. The projection scores computed in this way show GO term associated with the measured genes/ proteins in relation to the life cycle stages.
GSVD
The GSVD was developed as an extension of the singular value decomposition (SVD) that was already used directly as an analysis method [48, 49] and indirectly as part of a PCA [50, 51] . In a study by Golub et al. [52] , GSVD was used as a comparative analysis method [3] for two gene expression data sets of cell cycle data from yeast and humans.
GSVD is based on the joint decomposition of both data sets as shown in equations (1) and (2):
Matrices G and P contain the gene and protein abundance data. The rows of the common matrix X -1 are named genelets. In [3] it was shown that these genelets can be regarded as processes captured by both data sets. The genelets are expressed only in the corresponding arraylets (columns of U 1 and U 2 ) with a relative significance measured by the generalized eigenvalues (s 1,i , s 2,i ) from the diagonals of Σ 1 and Σ 2 . The relative significance of a genelet in the gene data set relative to the protein data set is measured by an antisymmetric angular distance calculated as shown in equation (3):
An angular distance between -π/4 and -π/8 represents a high significance of the i th genelet in the second data set relative to the first data set. If the value of the angular distance ranges between π/8 and π/4, then the i th genelet has a high significance in the first data set relative to the second data set. The i th genelet shows equal significance in both data sets if the angular distance ranges between -π/8 and π/8 (see equation (4)). In our study, the first matrix contains mRNA abundance data, the second matrix protein abundance data and significances are assigned as follows:
gene and protein space π /8, −π /4 gene space.
A summary of the computation flow is shown in a block diagram in Figure 2 .
Alter et al. [3] used a Mathematica implementation of a numerically robust GSVD algorithm based on [52, 53] , which we reimplemented in R.
In order to discover the processes captured by the genelets, a restrictive gene set enrichment (GSE) analysis is performed on 50% of the genes and/or proteins showing the highest absolute values in the corresponding arraylets. The GSE analysis is performed with the R package GOstats [54] , which computes the statistically significantly enriched GO terms based on the hypergeometrical distribution.
IBC
The basic idea of biclustering (co-clustering or two-way clustering) was presented in [55] , but it took almost thirty years until the method was applied to gene expression data [56] . In the last two decades, biclustering has Figure 1 Flowchart of CIA. The gene expression matrix (blue) contains the genes in the rows and the conditions in the columns. The protein expression matrix (orange) contains the proteins in the rows and the conditions in the columns. The conditions in our study correspond to the life cycle stages of P. falciparum. Genes and proteins annotated to the considered GO terms are gathered in a separate matrix (gray). The gene and the protein expression matrices are transformed into a new hyperspace. The pair maximizing the covariance is computed from the axes spanning the two hyperspaces. These two axes (gene and proteins co-inertia axes) span a new space where the conditions (life cycle stages) can be plotted. Additionally, GO terms can be projected into the CIA space and visualized together with the life cycle stages. Figure adapted from [30] .
become more and more popular [57] [58] [59] . In contrast to clustering, where either rows or columns are clustered, biclustering performs clustering of rows and columns simultaneously. The members of the obtained biclusters are as similar to one another and as different from the other biclusters as possible. Figure 3 presents how mRNA abundances, protein expression and GO terms are assembled to a complete data set and how the resulting biclusters could look like.
There are four types of possible biclusters as reviewed in [31, 60, 61] . Biclusters can have (i) equal values over rows and columns as well as (ii) equal values over rows or columns. They can also have (iii) coherent values, which means that each column or row can be computed by adding or multiplying a constant to the previous column or row. The forth type of bicluster has (iv) coherent evolutions, which means that the exact value of a matrix entry is not important, but whether the values increase or decrease over rows or columns. The biclustering algorithm used here is included in the R package biclust [62] .
The types of computed biclusters vary. There are single biclusters where only one bicluster is found in the whole data set as well as exclusive rows and/or exclusive columns biclusters. Non-overlapping and non-exclusive biclusters can also be computed. The fifth type is the arbitrarily positioned overlapping biclusters. Graphical representations of the different categories of biclusters can be found in [31] .
Most of the biclustering algorithms implemented depend on the starting point of the search and thus may lead to different results in consecutive runs. Additionally, biclustering does not result in a perfect data separation, as overlapping biclusters are possible. As a remedy, the biclust package provides a robust method that delivers stable and reliable results. This function includes the repeated use of one algorithm in combination with several parameter settings and/or subsamples of the data. A modified version of the Jaccard index is used for the combination of the resulting biclusters, which in case of two biclusters takes into account the fraction of row-columns combinations in both biclusters to all rowcolumn combinations. For detailed mathematical definitions, please refer to [31] .
Analogous to integrative clustering, we define integrative biclustering as the biclustering of two or more data sets. Integrative clustering was already applied to copy Figure 2 Flowchart of GSVD. The gene expression matrix (blue) contains the genes in the rows and the conditions in the columns. The protein expression matrix (orange) contains the proteins in the rows and the conditions in the columns. The conditions in our study correspond to the life cycle stages of P. falciparum. Genes and proteins annotated to the considered GO terms are gathered in a separate matrix (gray). The gene and the protein expression matrices are each decomposed in three matrices according to equations (1) and (2). The matrices U and V contain the arraylets, which encode for the expression of genes and proteins in the corresponding genelets X -1 , which represent the cellular state in the measurement conditions. According to the angular distance θ i , which is computed from the generalized eigenvalues s 1,i and s 2,i , a restricted GSE analysis is performed on the genes and/or proteins with the absolute (from a mathematical point of view) highest values in the arraylets in order to assign GO terms to the corresponding genelets. Figure adapted from [3] .
number and gene expression data in order to identify novel breast tumours subgroups [63] . Mo and colleagues [5] describe integrative clustering of genomic, epigenomic and transcriptomic profiling.
Integrative biclustering was applied to gene expression, protein interaction, growth phenotype and transcription factor binding data in [64] in order to reveal modularity and organization in the yeast molecular network. We apply integrative biclustering to a matrix consisting of the mRNA and protein abundance data and of the corresponding GO matrices. The genes and the proteins are represented by rows, whereas the samples and the GO terms by columns. Before biclustering can be carried out, discretization is necessary. Here the built-in function discretize of the R package biclust [31] was used. After appropriate processing, the result of IBC was loaded into Cytoscape [65] to obtain a network view of the associations.
Results and discussion
Results of each analysis method can be divided into method-specific associations and general associations. The general associations are used to compute results common to all three methods.
CIA
With CIA we visualize the six life cycle stages in the gene and protein space (Figure 4) . We observe that the coinertia × axis separates the intraerythrocytic cycle stages (trophozoite, ring, schizont, merozoite) from gametocytes and sporozoites. In the erythrocytes, the cycle begins with the ring stage, followed by the trophozoite stage. Trophozoites mature into schizonts, which cause the rupture of blood cells resulting in the release of merozoites. In Figure 1 , this exact sequence within the intraerythrocytic cycle can be observed. The sporozoites are the sexual stage of the mosquito and will be released in the blood stream of the infected organism. The ring stage can develop into a gametocyte and can be ingested by a mosquito. In addition to the life cycle stages, GO terms can also be represented through projections in the CIA plot ( Figure 5) .
A mapping between numbers and GO terms can be found in Additional file 1. Detailed representations of the division limits for the specific and general associations are shown in Additional file 4.
General associations
General associations resulting from CIA are distributed as follows: In gene space, GO terms in the first trigonometric quadrant are associated with trophozoites, GO terms in the second quadrant with gametocytes and GO terms in the third quadrant with sporozoites. GO terms in the first and forth quadrant, which were not identified as specific for trophozoits are associated with rings, schizonts and merozoits. Due to the proximity of stages in the CIA gene space, a more specific distribution to each stage is not possible. In protein space the associations are produced as follows: For gametocytes and sporozoites, we follow the same criteria as in gene space. For the distribution of GO terms to trophozoits, rings, schizonts and merozoits, we divide the first and forth quadrant in three sectors. GO terms that form angles of at least 30 degrees with the positive co-inertia × axis are associated with trophzoits. GO terms with an angle between -10 and 30 degrees are associated with rings and schizonts. The conditions in our study correspond to the life cycle stages of P. falciparum. Genes and proteins annotated to the considered GO terms are gathered in a separate matrix (gray). The three matrices are combined to a new matrix, which is subjected to biclustering. The resulting biclusters can include genes, proteins, conditions, GO terms or any combination of these.
GO terms with an angle wider than -10 degrees are associated with merozoits. Since GSVD and IBC discover associations only in common space (gene and protein space), the CIA associations for each life cycle are computed as the set union of the associations in gene and the associations in protein space. These general associations are shown in Additional files 2 and 3. The overlap between the general association in gene and protein space are shown in Figure 6 .
Method-specific associations
In addition to the general results, method-specific associations of GO terms with life cycle stages are observed. For these associations, the direction of the projected GO terms is considered. From the general associations, we take those GO terms that have a distance of at least 0.1 to the origin of the coordinate systems. An exception is made for gametocytes in protein space. A threshold of 0.05 is more appropriate here due to the spacial Figure 4 Co-inertia analysis -results. CIA offers the possibility to visualize the gene and protein space projections of the six life cycle stages of P. falciparum in one plot. The projection in gene space are represented by circles and in the protein space by squares. For each life cycle stage, the two corresponding projections are connected through a line. We observe that the y axis separates the intraerythrocytic cycle from the stages gametocyte and sporozoite. Figure 5 Co-inertia analysis and GO terms -results. In addition to the life cycle stages, GO terms can also be projected into the CIA plot. A) projections of the GO terms in gene space and B) projections of the GO terms in the protein space. Each GO term is represented by a number. Please note that the life cycle stages and the GO terms are plotted on different scales. The lower and left axes represent the life cycle stages and the upper and right axes represent for the GO terms. In gene space we observe a clear projection of the GO terms in the direction of gametocytes and sporozoites. In protein space, GO terms are projected clearly in direction of sporozoites and the intraerythrocytic cycle. distribution of GO terms relative to the origin. These considerations result in GO term associations with gametocyte, trophozoite and sporozoite in gene space. Details are presented in Table 1 and Additional file 5. In the protein space, clear GO term associations with gametocyte, sporozoite, trophozoite and merozoite stages are found (Table 2 and Additional file 6). Additional file 6 also includes associations with the stages ring and schizont. According to Figure 5 , where for readability reasons GO terms are represented by numbers from 1 to 614, some of the most remarkable associations in gene space are: GO:0006071 glycerol metabolic process (559) and GO:0002720 positive regulation of cytokine production (363) for gametocytes; GO:0006101 citrate metabolic process (425) and GO:0016255 attachment of GPI anchor to protein (89) for sporozoites; GO:0006591 ornithine metabolic process (274) and GO:0006094 gluconeogenesis (418) for trophozoites. In protein space we observe: GO:0045454 cell redox homeostasis (139) and GO:0044262 cellular carbohydrate metabolic process (276) for gametocytes; GO:0006928 cellular component movement (551) and GO:0015991 ATP hydrolysis coupled proton transport (29) for sporozoites; GO:0006412 translation (11) and GO:0019538: protein metabolic process (361) for trophozoites; GO:0006334 nucleosome assembly (61) and GO:0050776 regulation of immune response (8) for ring and schizonts; GO:0042594 response to starvation (592), GO:0000045 autophagic vacuole assembly (416) and GO:0002253 activation of immune response (417) for merozoites.
The overlap between the projections in gene and protein space is modest. Three GO terms were projected in the direction of trophozoites in gene and in protein space: GO:0006412 translation (11), GO:0006414 translational elongation (44) and GO:0044257 cellular protein metabolic process (114).
GSVD
, then the gene and protein data sets are of equal significance, and the GSE is conducted in the common space. The common space is defined by the gene and the protein data set. This is the case for all life cycle stages ( Figure 7 ). If we compare the angular distance with zero, we obtain a separation of the intraerythrocytic cycle (angular distances bigger than zero) from other stages (angular distances smaller than zero). The restrictive GSE performs a GSE for each life cycle stage on 50% of the genes and proteins that present the highest absolute values in the corresponding arraylets.
General associations
All resulting GO terms having a p value smaller than 0.05 are considered to be general associations. These GO terms are shown in Additional file 7.
Method-specific associations
The method-specific GO terms are a subset of the general associations consisting of the top 15 GO terms, with the smallest p values. The method-specific associations are presented in Tables 3 and 4 Figure 8 .
General and method-specific associations
Since a life cycle stage is either included in a bicluster or not and as a consequence is either associated to a GO term or not, it is not possible to distinguish between general and method-specific associations. Figure 8 shows a vast amount of genes (in orange), proteins (in light blue), GO terms (in yellow) and the six life cycle stages: gametocyte (in green), sporozoite (in pink), trophozoite (in brown), ring (in red), schizont (in dark blue) and merozoite (in light blue). The different biclusters resulting from the analysis can be identified through the colour of their edges. The exact associations with the life cycle stages are shown in Additional file 9.
Common results
In this section, we present GO associations observed in all three methods. The common associations are shown in Figure 9 . These associations are based on gene as well as protein information and are therefore considered to be in the common space. The GO associations computed with R were converted into a compatible format and loaded into Cytoscape. We observe here that the gametocytes are linked to the rest of the network through only one general GO term, GO:0009987 cellular process. The sporozoite stage is also loosely connected to the network through two GO terms, GO:0009056 catabolic process and GO:0009116 nucleoside metabolic process. The intraerythrocytic cycle, composed of trophozite, ring, schizont and merozoite are highly interconnected. The merozoite stage presents a high number of associations with specific GO terms such as GO:0030260 entry into host cell and GO:0044409 entry into host. Trophozoites are associated with a small number of GO terms, including GO:0050896 response to stimulus, GO:0006096 glycolysis, GO:0006006 glucose metabolic process and GO:0006091 generation of precursor metabolites and energy. The stages schizont and ring are connected through the GO terms GO:0006955 immune response, GO:0050776 regulation of immune response, GO:0006325 chromatin organization and GO:0006091 generation of precursor metabolites and energy. It is also interesting to see that merozoits and schizonts are linked only through the GO term GO:0009116 nucleoside metabolic process.
Relative proportions of common and methods-specific results
In the case of CIA, one can observe a high overlap between the common results and the CIA specific GO terms associations: 8 GO terms (GO:0005975 carbohydrate metabolic process, GO:0006644 phospholipid metabolic process, GO:0008654 phospholipid biosynthetic process, GO:0045017 glycerolipid biosynthetic process, Six specific results of GSVD for the life cycle stage ring coincide with the common GO terms associations with this stage (GO:0009058 biosynthetic process, GO:0019538 protein metabolic process, GO:0044237 cellular metabolic process, GO:0008152 metabolic process, GO:0055114 oxidationreduction process, GO:0006091 generation of precursor metabolites and energy). There are three identical associations for the stage merozoite (GO:0019538 protein metabolic process, GO:0016311 dephosphorylation and GO:0006470 protein dephosphorylation). For each of the other stages, only one GO term from the common associations coincides with the method-specific associations (GO:0009987 cellular process for gametocytes, GO:0006091 generation of precursor metabolites and energy for trophozoites, GO:0020033 antigenic Figure 7 Generalized singular value decomposition -angular distances. GSVD computes angular distances between gene and protein space. In general, the angular distances map to the common space, for which restricted GSE analysis is performed on the gene and on the proteins arraylets. Nevertheless, while angular distances belonging to the intraerythrocytic cycle stages have positive values and show a tendency to the gene space, the angular distances of gametocytes and sporozoites have negative values and thus a tendency towards protein space. These preferences are also reflected by the amount of GO term associations emerging from the gene and from the protein space (see also Figure 6 ). variation for schizonts and GO:0009056 catabolic process for sporozoites). In conclusion, the ring stage is very well characterized by the GSVD, which is almost in complete agreement with the other methods. The properties of the other stages do not coincide with the common results but should definitely be considered for further analysis as they are highly significant. In this study, we have applied three integrative analysis methods to a data set containing mRNA and protein abundances from the six life cycle stages of P. falciparum. The use of integrative analysis methods allows to consider all annotated and measured genes (3283) and proteins (2491), not limited by the 2230 pairs of genes and proteins as when it was first published in [9] . The integration of knowledge on different levels allows the linking of the data sets based on samples and not on variables (genes, protein).
We presented three different integrative analysis methods, each with its own justification: CIA discovers biological processes on the basis of maximal covariance. GSVD decomposes the data sets into genelets and arraylets and conducts a modified GSE analysis on them. IBC computes biclusters according to the distance between genes, proteins and GO terms.
We have shown method-specific results as well as results common to all three analysis methods. In the case of CIA, the associations in protein space presented a high overlap with the common results. This was not the case for the associations in gene space. In case of the sporozoite stage, GSVD associations are very simmilar to the common results. For the other stages, GSVD yielded different mappings compared to the common results. As a GO term is associated or not with a life cycle stage, only general but no method-specific results were computed for IBC.
For CIA, it is important to consider that GO term associations are done through projection, whereas GSVD maps GO terms to individual stages through restricted GSE analysis and IBC assigns GO terms to life cycle stages Table 4 GSVD specific GO term association to trophozoite stage in common space. through the distance to the corresponding life cycle stage. Another important aspect is that with CIA it is not possible to associate one GO term to more than one life cycle stage, while this is possible with GSVD and IBC. Due to the heterogeneous computational methods, we proposed taking the intersect of the three obtained results.
In the three-fold validated network view of the biological processes (Figure 9 ), we observe the separation of the intraerytrocytic cycle (merozite, ring, trophozoite and schizont) from sporozoites and gametocytes. While the stages of the intraerytrocytic cycle are tightly connected to one another, sporozoites share two biological processes and gametocytes share only one biological process with the rest. Gametocytes and sporozoites do not possess any common processes, reflecting the differences between these stages. Gametocytes are released into the blood stream, from where they travel to the liver, while sporozoites represent the sexual stage and lie dormant in cell cycle arrest until ingestion by a mosquito.
The data used here was gathered in order to investigate the role of post-transcriptional regulation in P. falciparum [9] . For this, only pairs of mRNA and the corresponding protein were considered, resulting in the exploitation of 89% of the proteins and 60% of the genes that were experimentally measured. By employing integrative analysis methods we were able to take all measured data into account. LeRoch and coworkers [9] mention that there is a "bias in proteomic analysis of whole-cell lysates, in that such methods may fail to detect secreted or membrane proteins present in low abundance" such as GPI anchors. Due to the integrative approach, our analysis associates several GO terms related to GPI anchors proteins (GO:0006506 GPI anchor biosynthetic process, GO:0016255 attachment of GPI anchor to protein, GO:0006661 phosphatidylinositol biosynthetic process, GO:0046488 phosphatidylinositol metabolic process) with the merozoite stage, prevailing over this shortcoming. These associations are in agreement with [66] , where distinct protein classes, with a focus on merozoite surface antigens, are discussed. The importance of GPI anchor proteins in the merozoite stage is well known and very important in immune evasion [67, 68] .
Other biological processes mentioned in [9] such as glycolysis and cell invasion, without any life cycle mapping, were also found in our network: GO:0044409 entry into host and GO:0030260 entry into host cell, both associated with the merozoite stage. Our network assigns GO:0006096 glycolysis to the stage trophozoite, in concordance to [69] where the transcriptome of P. falciparum was characterized.
Simmilar to our findings, cell invasion was associated with merozoites in [67] , where a proteomic view of the P. falciparum life cycle was presented. Other concordances with [67] include the assignment of GO:0006508 proteolysis to the merozoite stage. During trophozoite stage, digestion of haemoglobin takes place. Our network maps GO:0006091 generation of precursor metabolites and energy to trophozoites, confirming the importance of energy production during this stage. As mentioned by Florens et al. [67] , sporozoites are injected into the blood stream where they have to survive in a hostile environment. Based on our combined results, sporozoites are associated with GO:0020013 modulation by symbiont of host erythrocyte aggregation and GO:0020035 cytoadherence to microvasculature, mediated by symbiont protein, which reflects the process of survival. Additionally, sporozoites are associated with metabolism and transcription, as was shown in Figure 5 of [67] . Our results reflect these findings by mapping GO:0006163 purine nucleotide metabolic process, GO:0009117 nucleotide metabolic process, GO:0006351 transcription, DNA dependent and GO:0006355 regulation of transcription, DNA dependent to the sporozoite stage.
During gametocyte stage, DNA processing and energy production is highly regulated, as mentioned in [67] . In agreement, our results assign GO:0006323 DNA packaging, GO:0006839 mitochondrial transport and GO:0006626 protein targeting to mitochondrion to the gametocytes.
The analysis of the P. falciparum proteome by LaCount and colleagues [70] associated the intraerythrocytic cycle with chromatin modification, transcriptional regulation, mRNA stability/processing, ubiquitination, nucleic acid metabolism and invasion of host cells. Since our analysis corresponds to individual life cycle stages, we can associate biological processes to a certain stage of the intraerythrocytic cycle, providing a more detailed description of P. falciparum. According to our findings, chromatin modification takes place during schizont stage (GO:0006325 chromatin organization, GO:0051276 chromosome organization); merozoites are associated with GO:0006357 regulation of transcription from RNA polymerase II promotor and schizonts with GO:0042795 transcription from RNA polymerase II promotor ; merozoites are associated with GO:0009116 nucleoside metabolic process; invasion of host cells can be observed during merozoite stage (GO:0044409 entry into host and GO:0030260 entry into host cell). Ubiquitination was only detected through its parent term GO:0044267 cellular protein metabolic process, which was associated with merozoites.
Fagan et al. [1] conducted CIA on a slightly different data set which took P. berghei orthologues into account and showed that GO:0006412 biosynthesis is associated to the intraerythrocytic cycle. In our network, several more specialized biosynthetic processes are associated with the merozoite stage: GO:0009059 macromolecule biosynthetic process, GO:0008654 phospholipid biosynthetic process, GO:0045017 glycerolipid biosynthetic process, GO:0006661 phosphatidylinositol biosynthetic process, GO:0006506 GPI anchor biosynthetic process, as well as the GO term GO:0006412 biosynthetic process itself.
The importance of immune evasion through antigenic variation was highlighted by Winzeler [71] . Our results show that this process is related to the schizont stage, as our analysis associates GO:0020033 antigenic variation, GO:0006955 immune response, GO:0050776 regulation of immune response, GO:0002377 immunoglobulin production, GO:0006950 response to stress and GO:0009607 response to biotic stimulus with this stage.
The role of lipids during merozoite stage was already shown in 1988 by Mikkelsen et al. [72] . Our computed network associates merozoites with GO:0006644 phospholipid metabolic process, GO:0008654 phospholipid biosynthetic process, GO:0046486 glycerolipid metabolic process and GO:0006629 lipid metabolic process, reflecting this early finding.
Phosphorilation and dephosphoryliation processes play an important role in the internalization step of meroziotes [73] , a fact that is also reflected by our results. Merozoites are associated with GO:0016311 dephosphorylation and GO:0006470 protein dephosphorylation.
The role of the pentose phosphate pathway in P. falciparum was disscused in [74] , without a clear life cycle stage assignment. Our computed network view maps GO:0006098 pentose-phosphate shunt to merozoites.
As shown in [75] , REDOX complexes play an important role during ring stage, which is in agreement with our results that associate ring stage with GO:0045454 cell redox homeostasis and GO:0055114 oxidation-reduction process.
Roth [76] showed that carbohydrate metabolism is a key metabolic process connecting the host cells with P. falciparum. Our findings assign GO:0005975 carbohydrate metabolic process to merozoite and ring stages.
Most of our network associations are in concordance with several publications dealing with the characterization of P. falciparum, based on transcriptome [68, 69] and proteome [67, 70] characterization data. A considerable amount of the findings in the above publications are concentrated in our results of the used integrative analysis methods. Our findings are more detailed through the association with a specific life cycle stage rather than, e.g. the whole intraerythrocytic cycle as well as through the association of a child GO term instead of a parent GO term to the corresponding stage. Our study unifies individual findings from several publications of the past 25 years of research. Not all results from the publications mentioned above are present in our network. This could be due to the fact that none of the cited publications, except [9] , used the same data sets as we did. Llinas et al. [68] compared the three P. falciparum strains 3D7, Dd2 and HB3 through the measurement of the gene expression profiles of 6287, 5294 and 6415 genes during the intraerythrocytic cycle. Bozdech et al. [69] considered in their analysis of the intraerythrocytic cycle transcriptome the expression of 5508 genes. LaCount and colleagues [70] analysed 1267 proteins for their protein interaction network of P. falciparum. In [67] , Florens et al. use approximately 2400 proteins in order to create a proteomic view of the P. falciparum life cycle. The other studies are based on lab experiments on smaller groups of genes or proteins [66, [71] [72] [73] 75] .
Additionally, our combined network view of life cycle stage dependent GO term association provides a new overview for the vaccine research and offers new insight in the interdependencies between life cycle stages. Possibly it could even identify key biological processes on which vaccine researchers could concentrate their work.
Conclusion
In this study we have shown the power of integrative analysis methods. We presented three very different approaches that showed significant overlap of results. We compared our findings against the past 25 years of P. falciparum research and showed that the obtained network unifies, on the life cycle level, results from analyses done separately on transcriptome and proteome data, as well as results from the lab, which were performed on small groups of genes or proteins. Further investigations are needed to obtain a complete map of the biological processes activated during the life cycle of P. falciparum. Measurement of the transcriptome and proteome of P. falciparum, exploiting the advantages of current high throughput technologies, would complement the spectrum of biological process presented here. An increase of our understanding of P. falciparum could be achieved by performing the integrative analysis methods on the molecular function and/or cellular compartment level of gene ontology. Further work could also cover the identfication of genes and proteins that play key roles during the life cycle of P. falciparum through integrative analysis on gene and protein level, not only on GO term level.
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